Does Tracking of Students Bias Value-Added Estimates for Teachers? by Alexandra Resch et al.
WORKING 
Does Tracking of Students Bias  
Value-Added Estimates for Teachers?
March 2013
Ali Protik 
Elias Walsh 
Alexandra Resch 
Eric Isenberg 
Emma Kopa
Tracking of Students and Value-Added Estimates  Mathematica Policy Research 
1 
ABSTRACT 
We compare two alternative methods to account for the sorting of students into academic 
tracks. Using data from an urban school district, we investigate whether including track 
indicators or accounting for classroom characteristics in the value-added model is sufficient to 
eliminate potential bias resulting from the sorting of students into academic tracks. We find 
that accounting for two classroom characteristics—mean classroom achievement and the 
standard deviation of classroom achievement—may reduce bias for middle school math 
teachers, whereas track indicators help for high school reading teachers. However, including 
both of these measures simultaneously reduces the precision of the value-added estimates in 
our context. In addition, we find that while these different specifications produce substantially 
different value-added estimates, they produce small changes in the tails of value-added 
distribution.  
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I. INTRODUCTION 
Federal initiatives and private efforts—including Race to the Top, the Teacher Incentive Fund, and 
the Gates Foundation’s Intensive Partnerships to Empower Effective Teachers—have provided 
incentives in recent years for states and school districts to base teacher personnel decisions in part 
on teachers’ contributions to student achievement. Increasingly, school districts—including the 
District of Columbia, New York City, and Los Angeles—are using value-added models to measure 
teacher effectiveness. The increasing availability of longitudinal student test-score data in grades 
targeted by the No Child Left Behind law and a growing emphasis among states and school districts 
on policies that reward teachers and schools based on performance have led to substantial empirical 
work on value-added models.  
 
Value added represents the unique contribution each teacher makes to student achievement, holding 
constant factors that are outside the teacher’s control. As such, value-added models predict 
individual student achievement based on the student’s characteristics, including baseline 
achievement, and compare the prediction to the actual achievement of a teacher’s students. The 
prediction is derived by using data on other students in the state or district and represents what we 
would expect the student to achieve if he or she were taught by the average teacher. The difference 
between how a teacher’s students actually performed and how they were predicted to perform is the 
estimate of the teacher’s “value added” to student achievement. 
 
A central concern of value-added models is the potential bias in teacher effects that arise from the 
sorting of students to classrooms based on characteristics related to achievement but not captured 
by the observable student characteristics included in the model. Students may be sorted 
nonrandomly across or within schools according to unobservable characteristics such as ability, 
motivation, or behavioral factors. One type of sorting is informal, whereby students are 
nonrandomly assigned to different teachers for the same course because of decisions made by either 
schools or students. Another type of sorting is more formal and involves nonrandom placement of 
students into different academic tracks—different levels of the same course or different courses for 
the same subject. Academic tracks may be regular or advanced, such as advanced tracks in math 
(pre-algebra or algebra in grade 7) or honors track in reading, and are likely to be more common in 
middle and high schools. 
 
In elementary schools, value-added estimates of teachers with nonrandomly assigned students have 
been shown to predict sufficiently the same teachers’ estimates in a subsequent year with random 
assignment (Kane and Staiger 2008; Kane et al. 2013). However, similar analyses have not been 
conducted in middle or high schools, where nonrandom sorting of students into academic tracks is 
likely to occur. Further, Jackson (2012) has shown that other courses a student takes with related 
content may be associated with the student’s academic track. Thus, students may also be exposed to 
track-specific instruction, also potentially biasing the estimated teacher effects.  
 
While some studies have estimated middle and high school teacher effects by using value-added 
models similar to the ones used for elementary school teachers (Aaronson et al. 2007; Clotfelter et 
al. 2010; Goldhaber et al. 2010; Koedel 2008), Jackson (2012) is the only study, to our knowledge, 
that explicitly addresses potential bias from student sorting to different academic tracks. Whereas 
standard approaches leverage variation in student achievement across academic tracks, Jackson 
compares teachers within the same academic track and school. This approach can mitigate bias in 
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value-added estimates arising from the sorting of teachers and students into academic tracks. 
However, because comparisons between teachers are limited to those within track and school, 
Jackson’s strategy requires either several teachers teaching students within the same track and school 
or several teachers across years teaching students in the same track and school. This approach has 
two key limitations. First, it may not always be feasible. For example, many schools rely on a single 
teacher to teach all students in an academic track, or school districts may prefer to rely on value-
added estimates based on a single year because such estimates represent the most recent evidence of 
a teacher’s effectiveness. The second limitation is that relying on comparisons of teachers within 
each track and school restricts the ability to make meaningful comparisons between teachers across 
schools and tracks. 
 
In this paper, we compare two alternative methods to account for student sorting into academic 
tracks in middle and high schools without the above limitations. Specifically, we account for 
academic tracks directly by using indicators for each academic track as in Jackson (2012). However, 
we define tracks as honors or advanced courses for each subject (math or reading) in each grade in 
the school district, whereas Jackson defined tracks as a combination of courses, level of courses, and 
school. Thus, our approach allows for comparison of teachers across schools, which is more 
meaningful for school districts interested in using value added to measure their teachers’ 
effectiveness. But, if instruction within academic tracks varies systematically by school and thus 
contributes to bias, our approach will fail to take into account such variation. Alternatively, we 
account for measures of the baseline achievement of students’ peers in the same classroom to 
account for sorting. If students are sorted into different academic tracks based on their prior 
achievement, then classroom characteristics could account for student sorting into tracks. In fact, 
variables related to a student’s prior achievement can also proxy for unobserved abilities and are 
included in all the alternative value-added models we consider in this paper. Thus, measures of the 
baseline achievement of a student’s peers in the same classroom are additional proxies for sorting 
into academic tracks.1  
 
To compare the above two alternative methods to account for student sorting into academic tracks, 
we ask the following four research questions:  
 
1. Does including track indicators affect teacher value-added estimates or their precision? 
2. Does accounting for classroom characteristics affect teacher value-added estimates or 
their precision? 
3. Can classroom characteristics substitute for track indicators in value-added models?  
4. How does accounting for sorting by including both classroom characteristics and track 
indicators affect value-added estimates as compared to estimates based only on 
classroom characteristics?  
We found that, under both value-added models, the inclusion of track indicators and classroom 
characteristics systematically changed teacher value-added estimates for middle school math, but 
                                                   
1 Kane and Staiger (2008) found that the relationship between value-added estimates based on random and 
nonrandom assignment was stronger when the specification included average peer characteristics. 
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more so in the classroom characteristics model. Specifically, estimates for teachers of higher-ability 
students were lower in these models compared to the basic model that does not include these 
variables. Thus, both models addressed bias in value-added estimates in relation to higher-ability 
student sorting into advanced academic tracks. In addition, the precision of value-added estimates 
improved more under the classroom characteristics model. In high school reading, only the 
classroom characteristics model appeared to address bias, but it was also more imprecise.   
 
II. HOW SORTING CAN LEAD TO BIAS IN VALUE-ADDED ESTIMATES  
The direction of bias from the sorting of students to classrooms and teachers depends on the nature 
and underlying reasons for the sorting. For example, principals may want to group lower-ability 
students of a grade and assign them to the strongest teacher in that grade. Principals’ evaluations of 
students’ abilities might be based on unobservable student characteristics and thus may not be 
accounted for in the value-added models.  In such cases, the estimated value added for the affected 
teacher would be lower than the teacher’s value added that would be predicted according to what we 
observe and/or under random sorting of students. In other words, in this case, the strongest 
teachers would receive value-added estimates that are too low—a downward bias in the estimated 
value added. The opposite would be true for teachers assigned to the group of higher-ability 
students; the teachers’ value added would be higher than would be predicted, resulting in an upward 
bias in the estimated value added of those teachers. 
 
Sorting of students conditional on their covariates may be more common in middle and high 
schools, where students are placed in or choose academic tracks depending on their previous 
academic records, ability, motivation, and/or aspirations. For example, middle school students in 
grade 7 take general math, pre-algebra, or algebra depending on their prior achievement and or 
ability, which may be assessed by the grade 6 teacher. Similarly, advanced high school students in 
English Language Arts take Honors English. If teachers specialize in teaching students in specific 
tracks, then value-added estimates for teachers of students in the advanced academic tracks will be 
biased upward; the opposite would hold for teachers of students in regular academic tracks. In 
addition, Jackson (2012) points out that other courses a student takes with related content may be 
associated with the student’s academic track. For example, students who take algebra may be more 
likely to take physics, which, in turn, may help them with algebra. In this example, the algebra 
teachers’ value-added estimate would also reflect the contributions of the physics teacher and thus 
would be too high. 
 
One way of accounting for sorting into academic tracks is to compare teachers who teach students 
in the same academic tracks. That way, teachers are compared to other teachers who teach students 
with the same prior achievement and/or ability, essentially eliminating the bias associated with 
students with varying abilities nonrandomly sorting into different academic tracks. This is the 
approach taken by Jackson (2012). He uses detailed course information from all public middle and 
high schools in North Carolina and defines academic tracks as a combination of schools, groups of 
courses, and levels of those courses (advanced, regular, and basic). Thus, he compares teachers of 
students enrolled in the same school, enrolled in the same courses, and taking the same levels of 
those courses.     
 
An alternative way to account for sorting is to account directly for the classroom characteristics of a 
teacher in terms of prior achievement, which amounts to controlling for the characteristics of peer 
students in the value-added model. Even though students are sorted according to their unobserved 
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(to the researcher) ability, motivations, and/or aspirations, these unobserved characteristics are likely 
to be highly correlated with prior achievements. The prior achievements represented by a classroom 
of students in a value-added model, in addition to a given student’s prior achievement, provide 
additional proxies for a student’s unobserved ability. For two reasons, classroom characteristics may 
predict student achievement. First, the mix of students in each classroom could affect individual 
student achievement. Accounting for average classroom achievement allows for the possibility that 
students perform better when they learn among higher-performing peers, and accounting for the 
standard deviation of classroom achievement allows the distribution of baseline achievement in a 
classroom to affect student performance. The direct impacts of classroom peers on a student’s 
achievement are sometimes called peer effects (Hoxby and Weingarth 2006; Sacerdote 2011). 
 
Second, classroom characteristics may help in accounting for measurement error. For example, the 
basic value-added model includes a method to account for measurement error in the pre-tests, but 
the method may not account for all measurement error. Inclusion of the class average pre-test score 
could address this additional measurement error if students’ true achievement levels are related to 
their peers’ test scores. Through this channel, the direction of the change could theoretically work in 
either direction. For example, students with higher-achieving peers could have higher or lower 
predicted post-test scores, depending on the direction of the measurement error in an individual 
student’s test score.2 
 
III. EMPIRICAL APPROACH 
A. VALUE-ADDED MODELS 
To investigate how accounting for student sorting into academic tracks by using within-track  
variation and variation in classroom characteristics affected value-added estimates of teachers, we 
estimate four value-added models: (1) a basic model that accounts for individual student 
characteristics but does not account for student sorting into academic tracks; (2) the basic model 
augmented with track indicators for each student to allow within-track comparison; (3) the basic 
model augmented with classroom characteristics; and (4) the basic model augmented with both track 
indicators and classroom characteristics (the “full model”). We estimate all four models separately by 
subject (math and reading).  
 
Our analysis is based on students in grades 7 and 8 for math and in grades 9 and 10 for reading 
during the 2011–2012 school year, with both pre-test and post-test scores. 3 We obtained data from 
the District of Columbia Public Schools (DCPS) and the Office of the State Superintendent of 
Education of the District of Columbia (OSSE). The data contain information on students’ test 
scores, demographic characteristics, and course enrollment. Our analysis focuses on grades 7 
through 10 because these are the grades in which we can identify students’ tracks based on their 
                                                   
2 The measurement error correction method in the basic model assumes that, whether a student receives an 
average, high, or low score on an assessment, the score would be measured with equal accuracy. However, as is typical 
for standardized tests, DC CAS scores are more accurate for students scoring in the middle than at the top or bottom of 
the scale (CTB/McGraw Hill 2011). In addition, the method assumes that the relationship between pre-test and post-
test scores is linear. If not, one can construct examples in which the method over- or under-corrects for measurement 
error. 
3 We subsequently refer to the 2011–2012 school year as the 2012 school year. 
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course enrollment. Analysis in grades 9 and 10 is limited to reading achievement because students in 
these grades are not tested in math. Analysis in grades 7 and 8 is limited to math achievement 
because the course enrollment data in these grades do not allow us to distinguish tracks for reading 
courses. The data also allow students to be linked to their teachers and classrooms, permitting us to 
identify which teachers  teach specific courses in math and reading and to calculate measures of 
students’ peers within the same classroom. 
 
In DC, students are tested in math and reading by using the District of Columbia Comprehensive 
Assessment System (DC CAS) tests. To enable us to compare students across grades, we standardize 
student test scores within subject, year, and grade to have a mean of zero and a standard deviation of 
one. We exclude students who are repeating the grade so that, in each grade, we  compare only 
students who completed the same examination.  
 
We estimate the following basic value-added model for a given teacher t of student i in grade g:  
(1)   ,tig g ig g ig tigY S Oλ ω ε= + + + +β δ
' '
i tigX T  
where Ytig is the post-test score for student i in grade g and Sig is the same-subject pre-test score for 
student i during the previous year. The variable Oig denotes the pre-test score in the opposite subject. 
Thus, when we estimate teacher effectiveness in math, S represents math tests, with O representing 
reading tests and vice versa. The pre-test scores capture prior inputs into student achievement. The 
vector Xi denotes the control variables for individual student background characteristics, specifically, 
indicators for free-lunch eligibility, reduced-price lunch eligibility, special education status, and 
race/ethnicity.  
 
The vector Ttig includes an indicator variable for each teacher in grade g. A student contributes one 
observation to the model for each teacher to whom the student is linked. The contribution is based 
on a roster confirmation process that allows teachers to indicate whether and for how long they 
have taught the students assigned to them according to their administrative rosters and to add 
students to their rosters. Students are weighted in the regression according to their “dosage,” which 
indicates the amount of time the teacher taught the student.4 The coefficient δ represents the 
teacher effect. Finally, tigε  is the random error term.  
 
The value-added model in (1) is estimated in two regression steps and two subsequent steps to 
adjust estimates for comparability across grades and to account for imprecise estimates: 
• Measurement error correction. Given that measurement error in the pre-test 
scores  attenuates the estimated relationship between the pre-test scores and the 
                                                   
4 To estimate the effectiveness of teachers who share students, we use a technique called the Full Roster Plus 
Method that attributes equal credit to teachers of shared students. In this method, each student contributes one 
observation to the model for each teacher to whom he or she is linked, and students are weighted according to the 
dosage they contribute. Then, we create additional observations to equalize the dosage that each student contributes to 
the model. The proportion of dosage that each student contributes to a teacher remains unchanged because the 
additional observations are linked to a distinct set of “shadow” teacher indicators. Coefficient estimates for the shadow 
teachers are discarded. 
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post-test scores, we adjust for measurement error by using an errors-in-variables 
correction (eivreg in Stata) that relies on published information on the test-retest 
reliability of the DC CAS. We use errors-in-variables regression to regress the post-
test score on the pre-test scores, student background characteristics, grade 
indicators, and teacher indicators. Because the errors-in-variables regression does 
not allow for standard errors to be clustered by student, we use this step to obtain 
adjusted gain scores that are equal to the post-test scores minus the predicted post-
test scores where the predictions are based on the pre-test. We then use the adjusted 
gains to obtain the teacher effects in the next step.  
• Main regression. We estimate teacher effects by regressing the adjusted gain 
scores from the first step on student background characteristics, grade indicators, 
and teacher indicators and then by clustering standard errors by student. The 
teacher value-added estimates are the coefficients on the teacher indicators in this 
regression, δ, with their variance given by the squared standard errors of the value-
added estimates.     
• Combine teachers’ estimates across grades. We combine teachers’ estimates 
into a single value-added estimate when the teacher taught students in several 
grades. We make teachers’ estimates comparable across grades and then combine 
them by using a weighted average. We standardize the estimated regression 
coefficients so that the mean and standard deviation5 of the distribution of teacher 
estimates are the same across grades. When combining the standardized estimates, 
we base the weights on the number of students taught by each teacher to reduce the 
influence of imprecise estimates obtained from teacher-grade combinations with 
few students.  
• Empirical Bayes procedure. We use an Empirical Bayes (EB) procedure as 
outlined in Morris (1983) to generate the shrinkage estimates, which are 
approximately a precision-weighted average of the teacher’s initial estimated effect 
and the overall mean of all estimated teacher effects.6 We calculate the standard 
error for each shrinkage estimate by using the formulas provided by Morris (1983). 
As a final step, we remove any teachers with fewer than 15 students from the 
teacher model and re-center the shrinkage estimates to have a mean of zero. 
 
Next, to compare teachers with students in the same academic tracks, we augment the basic model 
(1) as follows:  
(2)   ,tiga g ig g ig tigaY S Oλ ω ε= + + + + +β δ γ
' ' '
i tiga igaX T I  
                                                   
5 The grade-specific estimates are standardized to account for sampling error. Consequently, estimates in grades 
with less precise estimates also receive less weight in the combined value-added score.  
6 In Morris (1983), the EB estimate does not exactly equal the precision-weighted average of the two values 
because of a correction for bias. The adjustment increases the weight on the overall mean by (K-3)/(K-1), where K is 
the number of teachers. For ease of exposition, we have omitted the correction from the description given here. 
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where the subscript a denotes the academic track of student i, and igaI  is a vector of academic track 
indicators. In DC, grade 7 students in math take either general math or pre-algebra or algebra, and, 
in grade 8, they take either pre-algebra or algebra or geometry. For estimating the effects of math 
teachers, the vector igaI  includes indicators for pre-algebra and algebra in grade 7 and for algebra 
and geometry in grade 8. Advanced high school students in grades 9 and 10 take Honors English 
classes, and the vector igaI  includes indicators for honors when estimating the effects of reading 
teachers.   
 
Our third model augments the basic model (1) by including classroom characteristics of teachers. 
For a given teacher t and student i in classroom c, the regression is expressed as:  
(3)   ,tigc g ig g ig tigcY S Oλ ω ε= + + + + +β δ π
' ' '
i tig ticX T C  
where the vector Ctic represents the characteristics of classroom c. The variables included in the 
vector are the mean classroom pre-test scores and the classroom standard deviation of pre-test 
scores. We use roster-confirmed data on classroom assignment and teacher-student links to calculate 
classroom characteristics for middle school math teachers and high school reading teachers. The 
data allow us to use several sections within a year to estimate the association between classroom 
characteristics and student achievement.7 
 
Finally, for our fourth model, we augment the basic value-added model (1) with the vectors on 
academic track indicators from model (2) and classroom characteristics from model (3): 
(4)   ,tigac g ig g ig tigacY S Oλ ω ε= + + + + + +β δ γ π
' ' ' '
i tiga iga ticX T I C  
 
B. MODEL COMPARISON APPROACH 
In our analysis, we compare estimates from models (2), (3), and (4) to estimates from the basic 
model (1). We also compare models (2) and (3) to assess whether they perform differently in 
accounting for bias associated with student sorting into different academic tracks. For each of the 
comparisons, we use three criteria by which to judge the models: 
  
                                                   
7 The unit of observation in the model is a teacher-classroom-student combination. To allow for the inclusion of 
classroom characteristics, we included student-teacher observations for each classroom shared by the student-teacher 
pair during the year. We use an additional regression step to estimate the model in equation (3) to leverage variation in 
classroom characteristics across several sections for each teacher across grades. This step precedes the two regression 
steps in the basic model, includes the classroom characteristics as additional regressors, and uses teacher indicators 
pooled across grades rather than the within-grade indicators in the subsequent regression steps. The additional step 
includes all other regressors included in the first-stage regression in the basic model as well as the same errors-in-
variables measurement error correction. We calculate an adjusted gain by subtracting the contributions of the classroom 
characteristics and use the adjusted gain as the dependent variable in the subsequent regression step.   
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• We measure the magnitude of the changes in value-added estimates between the 
two models. We calculate the magnitude both as a correlation between the estimates 
and as the average absolute size of differences in value-added estimates for 
individual teachers. 
• We compare the relationship between average student achievement and the 
difference in value-added estimates between the two models in a comparison. As 
described in Section II, we expect to observe upward bias in the estimated value 
added of teachers of advanced-track students. Thus, the direction of change in 
value-added estimates in each pair of models compared to average student 
achievement allows us to examine if one model performs better in terms of 
reducing bias associated with student sorting into academic tracks. For example, if 
teachers of higher-achieving students are estimated to have lower value added under 
model (1) compared to the basic model, then model (1) performs better in reducing 
the bias associated with student sorting into academic tracks.8     
• We compare the precision of estimates from each model. and calculate the change 
in precision as a percentage increase or decrease in the average confidence interval 
of teachers’ value-added estimates. 
IV. DATA 
We use data on the same teachers and students in DCPS in all four value-added models. We 
calculate value added for teachers of math in grades 7 and 8 and for teachers of reading in grades 9 
and 10 for the 2011–2012 school year. In Table 1, we present student background characteristics 
separately for the middle school math students and high school reading students. In both student 
samples, about half of the students are male, and about three-quarters are African American. At the 
middle school level, 68 percent qualify for free lunch and 5.5 percent for reduced-price lunch. The 
corresponding numbers at the high school level are 58.5 and about 6 percent. DCPS has a relatively 
low percentage of students deemed English language learners or with limited English language 
proficiency: about 7 percent at the middle school level and about 6 percent at the high school level. 
More than 12 percent at the middle school level and 11 percent at the high school level have special 
education status. 
 
DCPS students go into different academic tracks for both math and reading. At the middle school 
level, advanced math students take pre-algebra or algebra in grade 7 and algebra or geometry in 
grade 8. Regular math students take general math in grade 7 and pre-algebra in grade 8. Thirty-nine 
percent of DCPS grade 7 math students and 43 percent of grade 8 math students are in advanced 
tracks (Table 1). At the high school level for reading, advanced students take Honors English classes 
in both grades 9 and 10; in fact, 18.5 and 19.2 percent, respectively, of students in grades 9 and 10 
are Honors English (Table 1). 
 
                                                   
8 A finding of no change in the relationship shows that one model does not reduce bias related to average student 
achievement, but the finding does not rule out the possibility that the model reduces another source of bias. 
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In Table 2a and 2b, we present a list of all middle school math and high school reading courses 
offered in DCPS and the percentage of students enrolled in the courses by grade. The math courses 
are as described above, with the tracks well defined. No students take geometry in grade 7 and 
general math in grade 8. The list of reading courses at the high school level is longer, and students 
may take more than one reading course. We define students as advance-tracked if they are enrolled 
in an Honors English class. DCPS high schools offer one Honors English class in each of grades 9 
and 10: Honors English I for grade 9 students and Honors English II for grade 10 students. We  
found no cross-grade enrollment (grade 9 students taking Honors English II or grade 10 students 
taking Honors English I). 
 
Some teachers in DCPS middle schools specialize in teaching different math courses. About 18 
percent of math teachers teach only grade 7 general math, 2 percent teach only  grade 7 pre-algebra, 
11 percent teach only grade 8 pre-algebra, and 3 percent teach only  grade 8 algebra. None of the 
math teachers teaches only grade 7 algebra or only grade 8 geometry. A large percentage of middle 
school math teachers, 65.6 percent, teach more than one math course (Table 3a). At the high school 
level, 11 to 13 percent of the grade 9 and 10 reading teachers teach both Honors and non–Honors 
English classes while 3 percent of grade 10 teachers teach only Honors English. None of the grade 9 
teachers teaches only honors English (Table 3b).  
 
V. RESULTS 
We quantify the extent to which our two methods of accounting for student sorting into different 
academic tracks affects the value-added estimates of teachers. We measure differences in terms of 
standard deviations of value-added estimates. To facilitate comparisons across models, we scale 
estimates from each model to have the same standard deviation as the basic model by re-centering 
the distribution of final value-added estimates under each model to have a zero mean and a standard 
deviation of one for each subject.9 
 
A. MODEL INCLUDING TRACK INDICATORS COMPARED TO BASIC MODEL 
As expected and in line with Jackson (2012), we find that the inclusion of track indicators in the 
value-added model results in substantive changes to the value-added estimates of individual teachers 
from estimates based on the basic model, especially in math. The correlation between the basic 
model and the model with track indicators is 0.92 in math and 0.96 in reading, shown in the 1st row 
and columns 1 and 2 in the top panel of Table 4. However, even results  correlated above 0.90 may 
have substantive implications for the estimates of individual teachers. On average, a teacher’s value-
added estimate changes by 33 percent of a standard deviation of teacher value added in math and 17 
percent of a standard deviation in reading, shown in the second row of the table corresponding to 
the first two columns. Alternatively, the average change in math represents a teacher whose value-
added estimate moves from the 50th to the 63th percentile; for reading, the average change moves a 
teacher from the 50th to the 57th percentile. The largest changes in teachers’ estimates are equal to 
                                                   
9 We do not distinguish between signal and noise variance when we standardize. Consequently, comparisons of the 
magnitude of estimates between models tend to show larger differences when one of the models produces less precise 
estimates. The role of precision in the comparisons is reduced because we use Empirical Bayes shrinkage estimates for 
all analyses. 
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one standard deviation of math value added (either above or below the original estimate) while 
changes in reading value added exceed 0.8 standard deviation for some teachers (not shown). 
 
Students in the advanced tracks in math, pre-algebra, and algebra in grade 7 and algebra and 
geometry in grade 8 may tend to have higher-than-predicted post-test scores  based on their pre-test 
scores and background characteristics alone, as indicated by the positive coefficients of these 
indicators (Table 5a, Column 1). The same holds for Honors English students in grade 10 but not in 
grade 9, where students in the advanced track are likely to have lower post-test scores, conditional 
on their pre-test scores and background characteristics (Table 5b, Column 1). However, the 
indicator for grade 9 is not statistically significant. When we include track indicators,  we see a 
negative correlation between value-added estimates and average pre-test scores relative to the basic 
model with no track indicators. In Figures 1a and 1b, we plot the change in each teacher’s value-
added estimate from the basic model against the average pre-test score of the teacher’s students in 
math and reading, respectively. Teachers with a positive difference on the vertical axis receive higher 
value-added estimates when track indicators are included. The linear fit through the relationship in 
Figure 1a is downward-sloping—teachers with higher-achieving students receive lower value-added 
estimates in math from the model that includes track indicators relative to the basic model. This 
finding is consistent with our expectation that student sorting into academic tracks results in upward 
bias in value-added estimates for teachers of higher-ability students; thus, when track indicators are 
included to account for this sorting bias, the teachers’ value added declines. Changes in value-added 
estimates are not as strongly related to average pre-test scores for reading; the relationship for 
reading in Figure 1b is almost flat.  
 
Finally, including track indicators in the value-added model increases the average precision of 
teachers’ estimates in math but not in reading. On average, the inclusion of track indicators reduces 
the confidence interval—or equivalently, increases precision—for math teachers’ value-added 
estimates by 2.7 percent. However, there is no precision gain or loss for reading teachers’ value-
added estimates (third row and columns 1 and 2 in the top panel of Table 4).  
 
B. MODEL INCLUDING CLASSROOM CHARACTERISTICS COMPARED TO 
BASIC MODEL 
Next, we examine changes in value-added estimates when we account for classroom characteristics 
(but not track indicators) relative to the basic model. We find that accounting for classroom 
characteristics also leads to substantive changes in the estimates of individual teachers from 
estimates based on the basic model in both math and reading. The correlation between the basic and 
classroom characteristics models is 0.98 for both subjects, shown in the first row and columns 3 and 
4 of the top panel of Table 4. On average, a teacher’s value-added estimate changes by 17 percent of 
a standard deviation of teacher value added in math, representing a move from the 50th to 57th 
percentile, and by 15 percent of a standard deviation in reading, representing a move from the 50th 
to 56th percentile. The largest changes in teachers’ estimates exceed 0.5 standard deviation of math 
value added (either above or below the original estimate) while changes in reading value added never 
exceed 0.5 standard deviation. 
 
Average class pre-test scores are significantly related to student achievement in the value-added 
model. In Tables 5a and 5b, we show that a one (student-level) standard deviation increase in class 
average pre-test scores positively affects the predicted post-test score for a student in both math and 
reading. Based on these estimates, a student with higher-achieving peers in the same class is 
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expected to achieve higher scores in both math and reading. However, a student in a class with more 
diverse pre-test scores achieves higher scores in math but lower in reading, although none of the 
estimated relationships with classroom dispersion is statistically significant. When accounting for 
classroom characteristics relative to the basic model, we observe a negative correlation between 
value-added estimates and average pre-test scores for both math and reading teachers. In Figures 2a 
and 2b, we plot the change in each teacher’s value-added estimate from the basic model against the 
average pre-test score of the teacher’s students in math and reading. The downward-sloping linear fit 
in both figures indicates that teachers with higher-achieving students receive lower value-added 
estimates and that the relationship is stronger for math as illustrated by the steeper linear fit for math 
teachers’ changes in value added in Figure 2a. Again, the finding is consistent with our expectation 
that student sorting into academic tracks results in upward bias in value-added estimates for teachers 
of higher- ability students.  
 
Accounting for classroom characteristics increases the average precision of math teachers’, but not 
reading teachers’ estimates. On average, accounting for classroom characteristics reduces the average 
confidence interval for math teachers by 9.4 percent and increases the average confidence interval 
for reading teachers by 9.6 percent (third row corresponding to columns 3 and 4 in the top panel of 
Table 4).  
C. COMPARING MODELS INCLUDING CLASSROOM CHARACTERISTICS WITH 
MODELS INCLUDING TRACK INDICATORS  
We compare the model that includes track indicators and the model that includes classroom 
characteristics to examine whether one can substitute for the other in addressing bias from sorting 
of students into academic tracks. If classroom characteristics can substitute for track indicators and 
vice versa, then we would expect to see only small differences between teachers’ estimates based on 
these two models.  
 
In fact, these two models produce different results. The correlations of value-added estimates 
between the two models are comparatively lower, 0.93 in math and 0.94 in reading. The average 
differences in teachers’ value-added estimates are 30 percent of a standard deviation in math teacher 
value added and 23 percent of a standard deviation in reading teacher value added (columns 3 and 4 
in the bottom panel of Table 4). In Figures 3a and 3b, we examine the results for teachers under the 
two models as a function of the pre-test scores of their students. If the track indicator model and 
classroom characteristic model produce similar results, then the linear fit through each of the 
relationships would appear as a horizontal line. Instead, the downward slope in Figures 3a and 3b 
indicates that the models perform differently. More specifically, teachers with higher-achieving 
students receive smaller value added in the classroom characteristics model for both math and 
reading than in the model with track indicators. However, while average precision for math teachers’ 
estimates was better under the classroom characteristics model, it was better under the track 
indicator model for reading teacher’s estimates. Compared to the track indicator model, confidence 
interval of value-added estimates reduced by 6.8 percent in math and increased by 9.6 percent in 
reading under the classroom characteristics model (third row corresponding to columns 3 and 4 in 
the bottom panel of Table 4)  
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D.  THE FULL MODEL COMPARED TO THE CLASSROOM CHARACTERISTICS 
MODEL 
In our final “full model”, we include both track indicators and classroom characteristics to 
determine if including both measures to account for student sorting into academic tracks improves 
value-added estimates by reducing bias compared to the classroom characteristics model. The 
correlations of value-added estimates between the full model and the classroom characteristics 
model are as low as the correlations between the track indicator model and the classroom 
characteristics model, 0.94 in both math and reading. The average differences in value-added 
estimates are 0.27 standard deviation in math and 0.24 standard deviation in reading (columns 5 and 
6 in the middle panel of Table 4). 
 
Compared to the classroom characteristics model, the full model changes teachers’ value-added 
estimates in math in a way that is not consistent with our expectation that student sorting into 
academic tracks results in upward bias in value-added estimates for teachers of higher-ability 
students. Teachers with higher-achieving students receive higher value-added estimates under this 
model, as evident from the upward-sloping linear fit in Figures 4a. However, it was opposite for 
reading—the linear fit was upward sloping (Figure 4b). The precision of this model is worse 
compared to the classroom characteristics model,  confidence interval for value-added estimates 
decreases by 6.9 percent in math and 7.8 percent in reading (columns 5 and 6 in the middle panel of 
Table 4). Thus, incorporating track indicators in addition to classroom characteristics to account for 
bias from sorting of students into academic tracks leads to less precise estimates in both math and 
reading. This finding could indicate that the identification of the relationships between classroom 
characteristics and student achievement requires variation within- as well as between tracks.  
 
VI. DISCUSSION 
To account for potential bias in teacher value-added estimates from sorting of students into 
academic tracks, we tested two alternative approaches that, respectively, include track indicators and 
each student’s classroom characteristics in the value-added model. In most cases, both track 
indicators and classroom characteristics (or the combination of the two) appeared to be able to 
address bias associated with sorting of students into academic tracks. However, in some cases, there 
was a loss of precision in the estimates, most notably when using the full model to estimate results in 
reading.  
 
The two specifications we tested rely on different identification strategies that rely considerably on 
the context of the school districts using value-added estimates to evaluate their teachers. The 
identification under the classroom characteristics model is derived from variation in teachers’ 
classrooms, making it important to have a considerable number of teachers who teach in more than 
one classroom that vary by average classroom characteristics. Similarly, identification in the track 
indicator model is derived from teachers who teach students in more than one track, making it 
important to have a considerable number of such teachers. Also, the relative importance of these 
specifications depends largely on how value-added estimates are used. The consequences for 
teachers evaluated by a value-added system are typically for those at the tails of the distribution. 
Thus a lot of fluctuations in the value-added estimates in the middle of the distribution across 
different specifications may not be relevant for practical purposes.  
 
To evaluate the consequences for teachers at the tails of the distribution, we examined the top 10 
and the bottom 10 teachers are the same across different models. This represents 16 percents of the 
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math teachers we evaluated at the middle school level and 15 percent of the reading teachers we 
evaluated at the high school level. Table 6 presents the number of top 10 and bottom 10 math and 
reading teachers under different models, who were in the top 10 or bottom 10 when we used the 
basic model. In math, all top 10 teachers in the basic model remains in the top 10 and 7 of the 
bottom 10 teachers remain in the bottom 10 no matter what model we use. Thus, the model 
specifications including either track indicators or classroom characteristics or both is only relevant 
for the 10 middle school math teachers at the bottom of the distribution and all specifications result 
in the same teachers remaining at the bottom.  
 
Different model specifications make more changes to the top and bottom 10 for high school reading 
teachers. Only four of the top 10 teachers under the basic model remain in the top 10 when we use 
the classroom characteristics model and the full model (same 4 teachers), while 7 remain when the 
track indicators model is used. Three of the 4 teachers who remain in the top 10 under the two other 
models are part of the 7 who remain in the top 10 under the track indicator model. Comparatively, 
the change in the bottom 10 is stable across models—8 of the 10 bottom teachers under the basic 
model remain in bottom 10 under all three alternative models and they are the same 8 teachers 
across models. Thus, while the track indicator, classroom characteristics, and the full model 
including both produce substantially different value-added estimates, they produce small changes in 
the bottom tail of the value-added distribution.   
VII. CONCLUSIONS 
Value-added models perform differently for math and reading when sorting into academic tracks 
could potentially introduce bias at the middle and high school levels. We find that, in our context, a 
classroom characteristics model provides a stronger correction for this potential problem in middle 
school math and that high school reading. However, these models make small changes at both the 
top and the bottom of the distribution, which is possibly more relevant for school districts using 
value added to evaluate their teachers. Also, it is important to note that there are no clear tracks in 
our data for reading at the middle school level. Thus, the only feasible approach to address bias from 
student sorting at the middle school level would be to include classroom characteristics in the value-
added models.  
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Table 1. Summary Statistics: Student Characteristics 
 
Math Reading 
Mean Standard Deviation Mean Standard Deviation 
Demographic 
Male 0.488 0.500 0.472 0.499 
White (Non-Hispanic), Asian, 
Pacific Islander 
0.102 0.302 0.105 0.306 
African-American 0.738 0.440 0.747 0.435 
White (Hispanic) 0.160 0.366 0.148 0.355 
Free lunch eligible 0.684 0.455 0.585 0.489 
Reduced-price lunch eligible 0.055 0.217 0.059 0.231 
Academic 
ELL/LEP 0.069 0.253 0.058 0.234 
Special ED— learning disability 0.088 0.283 0.083 0.276 
Special ED—other 0.037 0.188 0.029 0.168 
Advanced Track 
Grade 7 pre-algebra or algebra 0.39 0.488 n.a. n.a. 
Grade 8 algebra or geometry 0.453 0.498 n.a. n.a. 
Grade 9 honors English  n.a. n.a. 0.185 0.386 
Grade 10 honors English n.a. n.a. 0.192 0.394 
 
Source: Administrative data from OSSE and DCPS. 
Note: Math students are in grades 7 and 8; reading students are in grades 9 and 10. 
 n.a. = not applicable 
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Table 2a. List of Math Courses for Students in Grades 7 and 8 
Course 
Grade 7 Grade 8 
Honors  
(Yes/No) % of Students 
Honors  
(Yes/No) % of Students 
General math No 60.9 n.a. n.a. 
Pre-algebra Yes 31.3 No 54.7 
Algebra Yes 7.7 Yes 38.9 
Geometry n.a. n.a. Yes 6.4 
Total students  100.0 
(N = 1,733) 
 100.00 
(N = 1,921) 
 
Source: Administrative data from OSSE and DCPS. 
Notes: n.a. = not applicable 
 
 
Table 2b. List of English Language Arts Courses for Students in Grades 9 and 10 
Course 
Grade 9 Grade 10 
Honors 
(Yes/No) % of Students Honors (Yes/No) % of Students 
English I No 73.0 No 0.0 
English II No 0.0 No 72.4 
Honors English I Yes 18.5 Yes 0.0 
Honors English II Yes 0.0 Yes 19.2 
Reading workshop No 4.8 No 3.6 
Extended literacy No 15.5 No 16.9 
ELA strategies No 0.0 No 4.7 
English and humanities No 7.5 No 7.8 
Total students  1,593  1,253 
 
Source: Administrative data from OSSE and DCPS. 
Notes: Percentages in column three and five add up to more than 100 because students can take more than 
one English class. 
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Table 3a. Percentage of Teachers Teaching Different Grade 7 and 8 Math Courses 
 Grade 7 Grade 8 
General math only 18.0 n.a. 
Pre-algebra only 1.6 11.5 
Algebra only 0.0 3.3 
Geometry only n.a. 0.0 
Multiple courses 65.6 
Total number of teachers 61  
 
Source:  Administrative data from OSSE and DCPS. 
Notes:   n.a. = not applicable 
 
Table 3b. Percentage of Teachers Teaching Honors and Non-Honors Reading Courses in 
Grades 9 and 10 
 Grade 9 Grade 10 
Honors 0.0 2.9 
Non-honors 35.7 41.4 
Both 11.4 12.9 
Total number of teachers 33 40 
 
Source:  Administrative data from OSSE and DCPS. 
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Table 4. Comparison Between Different Value-Added Models 
 Track Indicator Model 
Classroom 
Characteristics Model 
Tracking and 
Classroom 
Characteristics 
Model 
Math Reading Math Reading Math Reading 
(1) (2) (3) (4) (5) (6) 
Comparison with Basic Model 
Correlation  0.92 0.96 0.98 0.98 0.93 0.88 
Average size of differences in value-
added estimates  0.33 0.17 0.17 0.15 0.31 0.37 
Percent change in confidence intervals  -2.7 0.0 -9.4 9.6 -3.1 18.2 
Comparison with Classroom Characteristics Model 
Correlation  0.93 0.94 n.a. n.a. 0.94 0.94 
Average size of differences in value-
added estimates  0.30 0.23 n.a. n.a. 0.27 0.24 
Percent change in confidence intervals  7.3 -8.7 n.a. n.a. 6.9 7.8 
Comparison with Track Indicator Model 
Correlation  n.a. n.a. 0.93 0.94 0.99 0.91 
Average size of differences in value-
added estimates  n.a. n.a. 0.30 0.23 0.03 0.34 
Percent change in confidence intervals  n.a. n.a. -6.8 9.6 -0.4 18.1 
Number of teachers 62 65 62 65 62 65 
 
Source: Administrative data from OSSE and DCPS. 
Note: Math students are in grades 7 and 8; reading students are in grades 9 and 10. 
 n.a. = not applicable 
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Table 5a. Coefficients on Track Indicators and Classroom Characteristics from Math Value-Added Models 
Variable 
Track Indicators Classroom Characteristics Full Model 
(1) (2) (3) 
Track Indicators 
Grade 7 pre-algebra 0.11** n.a. 0.098* 
 (0.052)  (0.052) 
Grade 7 algebra 0.417*** n.a. 0.388*** 
 (0.076)  (0.076) 
Grade 8 algebra 0.185*** n.a. 0.174*** 
 (0.051)  (0.051) 
Grade 8 geometry 0.247*** n.a. 0.218** 
 (0.085)  (0.085) 
Classroom Characteristics 
Average pre-test score n.a. 0.104*** 0.015 
  (0.017) (0.025) 
Standard deviation of pre-test score n.a. 0.061 0.009 
  (0.04) (0.042) 
 
Source: Administrative data from OSSE and DCPS.  
Notes: Standard errors are in parentheses. 
*** Significant at the 1% level; ** significant at the 5% level; * significant at the 10% level. 
The value-added models include 3655 students in math. 
n.a. = not applicable 
 
Table 5b. Coefficients on Track Indicators and Classroom Characteristics from Reading Value-Added Models 
Variable 
Track Indicators Classroom Characteristics Full Model 
(1) (2) (3) 
Track Indicators 
Grade 9 honors -0.039 n.a. -0.167*** 
 (0.045)  (0.045) 
Grade 10 honors 0.254*** n.a. 0.177*** 
 (0.066)  (0.066) 
Classroom Characteristics 
Average pre-test score n.a. 0.066** 0.155*** 
  (0.031) (0.047) 
Standard deviation of pre-test score n.a. -0.011 0.042 
  (0.052) (0.053) 
 
Source: Administrative data from OSSE and DCPS.  
Notes: Standard errors are in parentheses. 
*** Significant at the 1% level; ** significant at the 5% level; * significant at the 10% level. 
The value-added models include 2846 students in reading. 
n.a. = not applicable 
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Table 6. Number of Teachers at the Top and Bottom of the Distribution Under Different Value-Added Models 
Compared to the Basic Model 
 
Track Indicator 
Model 
Classroom 
Characteristics Model 
Tracking and 
Classroom 
Characteristics Model 
 Math Reading Math Reading Math Reading 
 (1) (2) (3) (4) (5) (6) 
Top 10 10 7 10 4 10 4 
Bottom 10 7 8 7 8 7 8 
 
Source:    Administrative data from OSSE and DCPS.  
Notes: Math teachers teach students in grades 7 and 8; reading teachers teach students in grades 9 and 10. 
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Figure 1. Changes in the Relationship with Student Achievement When Track Indicators Are Included 
(a) Math 
 
(b) Reading 
 
 
Source: Administrative data from OSSE and DCPS.  
Notes: The figures include the 62 teachers with math value added and 65 teachers with reading value added. 
Teachers with positive differences have larger value-added estimates in the track indicator model. 
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Figure 2. Changes in the Relationship with Student Achievement When Accounting for Classroom 
Characteristics 
(a) Math 
 
(b) Reading 
 
 
Source: Administrative data from OSSE and DCPS.  
Notes: The figures include 62 teachers with math value added and 65 teachers with reading value added. 
Teachers with positive differences have larger value-added estimates in the classroom characteristics 
model. 
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Figure 3. Changes in the Relationship with Student Achievement When Accounting for Classroom 
Characteristics Instead of Including Track Indicators 
(a) Math 
 
(b) Reading 
 
 
Source: Administrative data from OSSE and DCPS.  
Notes: The figures include 62 teachers with math value added and 65 teachers with reading value added. 
Teachers with positive differences have larger value-added estimates in the classroom characteristics 
model. 
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Figure 4. Changes in the Relationship with Student Achievement in the Full Model Compared to the 
Classroom Characteristics Model 
(a) Math 
 
(b) Reading 
 
 
Source: Administrative data from OSSE and DCPS.  
Notes: The figures include 62 teachers with math value added and 65 teachers with reading value added. 
 Teachers with positive differences have larger value-added estimates in the full model. 
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